Introduction
This study is motivated by our interest in understanding the relationship between pain, autonomic nervous system modulation, and changes in microvascular blood flow in order to develop therapeutic approaches for pain-related complications in sickle cell disease (SCD). Painful vaso-occlusive crises (VOC) are common in SCD and result in acute, as well as chronic, pain. 1 Our previous studies have suggested that the autonomic nervous system (ANS) plays an important role in mediating peripheral vasoconstriction, which
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Sunwoo et al likely increases the risk of VOC. [2] [3] [4] Sickle vaso-occlusion happens when local perfusion drops and red cells get trapped in the microvasculature. Pain resulting from localized VOC could trigger sympathetically mediated vasoconstriction in an expanding number of microvascular networks, producing a cascading effect that leads to large-scale VOC. 1, 4 Thus, microvascular perfusion is a direct biomarker of the pathology of SCD and may be at the same time an objective marker of paininduced neural activation. Thus, quantifying the association between experimental pain and local vasoconstriction using noninvasive measurements could provide us with an objective tool for predicting certain clinical outcomes in disorders where microvascular flow plays a role in the pathology itself.
A major challenge in pain research stems from the fact that pain produces sensations that are experienced differently in different individual subjects. For example, the patient may be asked "how intense is your pain, give me a number from one to ten," which is obviously subjective. We wanted to supplement this subjective response with an objectively quantifiable biomarker of the response to pain and explore peripheral vasoreactivity (VR) as a possible marker.
However, the blood flow signal contains multiple fluctuations due to various other inputs, in addition to the experimental stimulus. 5 These thoughts are summarized in Figure 1 which shows a single heat pulse (the experimental stimulus) in the first row, the microvascular blood flow response measured using laser Doppler flowmetry in the second row, and the respiratory pattern in the third row. There are many periods of vasoconstriction unrelated to the pain signal that are evident in the laser Doppler tracing. One was clearly associated with a sigh (Figure 1C ), some appear to be happening randomly ( Figure 1B ), and there is a possible response to the single painful stimulus ( Figure 1A ). However, it is evident from this picture that we cannot tell if a single painful stimulus is caus- 
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Quantification of blood flow response to painful heat ing vasoconstriction or whether the vasoconstriction would have occurred in the absence of stimulation. A methodology to extract and quantify blood flow responses to stimuli from complex signals like laser Doppler flowmetry would allow us to determine individual subject sensitivity to the stimulus and measure the effect of various therapeutic interventions. To maximize the amount of information that can be derived from the physiological responses to pain, it is important, from an information theory perspective, to apply a stimulus that contains a broad spectrum of dynamic patterns. In this paper, we introduce a novel technique, which employs rank-based cross-correlation, to detect the similarity and the response latency between a pseudo-random pattern of pain stimuli and the corresponding physiological response. To the best of our knowledge, this is the first study to apply cross-correlation analysis between the time series of randomized pain pulses and physiological measurements to objectively assess pain responses in humans.
Materials and methods
Pain protocol and data acquisition Subjects and study condition
The Institutional Review Board at Children's Hospital Los Angeles, California approved the study. For demonstration of the analyses presented in this paper, we analyzed 24 healthy African-American subjects (30±12 years old, 15 females) from a population of subjects recruited as a part of an investigation of ANS response to painful stimuli in SCD. All participants signed informed consent prior to participating in the study. Subjects had to be greater than 13 years of age, not have any serious medical conditions, and be able to sign consent or assent. The total duration of the experiment was approximately 40 minutes after the initial 30 minutes of familiarizing the subject with the experimental protocol and placing sensors. Studies began in the morning in a quiet, dimmed room. The room temperature was set to 25°C. 2 
Instruments and baseline recording
As depicted in Figure 2 , the subject sat comfortably in a reclining armchair and was asked to stay awake for the entire study period. Measurements of microvascular blood flow were made on the dorsum of left and right index fingers just proximal to the nail bed using laser Doppler flowmetry (LDF; Perimed PeriFlux 5,000 with probe 456 thermostatic small angled probe). The LDF measures the average speed of red blood cell (RBC) particles and their concentration in the microvasculature 1 mm under the skin. Its principle of operation is based on a Doppler shift effect from light scattered off of red cells moving in an approximately 1 mm cube, 1 mm under the skin. This signal cannot be calibrated in absolute units, but changes in the signal have been shown to be directly related to microvascular flow. 6, 7 The product of RBC speed and concentration is proportional to the blood flow, which is represented in perfusion units and is a relative measurement unit. 8 The sampling rate of the device was set to 32 Hz. The laser probe was placed on the dorsum of the index finger of the hand contralateral to the arm with the pain stimulus. To deliver the thermal stimuli, we placed a neurosensory analyzer thermode (Medoc, TSA-II with a standard 30 × 30 mm thermode) on the ventral aspect of the right forearm and programmed it to deliver heat pulses as described in Figure 3 . The thermode temperature was recorded along with the physiological responses to permit a precise measurement of time between the heat pulse and the vascular response. We analyzed the microvascular blood flow response measured on the left index finger, contralateral to the arm, where we administered the pain stimulus. The stimulation and response signals were recorded simultaneously using a Biopac MP150 acquisition system. After sensor placements and initial instructions, the protocol began with a 5-minute period of quiet baseline recording.
heat pain calibration
After the baseline recording, we calibrated the subjects' pain perceptions to the magnitude of temperatures by applying two sets of three heat ramps rising at 1.5°C per second (Task-A in Figure 2 ). The temperature that was perceived as painful (pain threshold) and intolerably painful (pain tolerance) were determined as follows: during the first set of three heat ramps, the study operator immediately turned off the temperature ramp when the subject reported the minimum sensation of pain. During the second set of three heat ramps, the study operator did the same when the subject asked that the heat be turned off because of the maximum sensation of pain perceived. We defined the pain threshold as the average temperature at which the subject reported first feeling pain, and the pain tolerance as the average of the three temperatures that the subject reported feeling maximum tolerable pain. Subsequent pain stimuli were administered as a series of pulses between the threshold and tolerance temperatures. These sequences are referred to as "pain tasks" (Task-B in Figure 2 ). 2 
heat pain stimulation
The pain task consisted of a series of heat pulses with pseudorandomly selected temperature amplitudes and inter-pulse intervals (Task-B in Figures 2 and 3) . The randomness within 
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Sunwoo et al the pulse train was intended to minimize the chance of overlap between the pain response and the spontaneous oscillations that usually exist in physiological signals. 5 The stimulus train consisted of 10 random levels of heat pulses within the pain threshold and tolerance temperature range that was determined in Task-A (Figure 3 ). Each pulse was programmed to have a 9-second duration followed by inter-pulse periods randomized from 10 to 30 seconds, which were set similar in other previous studies that quantified physiological responses to heat pain. 9 , 10 We used a uniform random distribution for Notes: one rising edge to another rising edge of the painful heat pulse ranged from 19 to 39 seconds (pulse duration + pulse spacing) which corresponded to the peaks at around 0.05 and 0.025 hz in Figure 4 , respectively. the pulse train also had a slow (~200 seconds) oscillation in signal magnitude which corresponded to a peak at 0.005 hz.
Note that the randomization sequence was fixed such that every subject had exactly the same pain pattern but with individualized temperature range (pulse period=20.7±6.5 seconds; heat pulse=50%±40% pain-range; uniform distribution). the top panel shows one example of the pulse train. the actual pulse duration was often longer than 9 seconds due to hardware controller error, resulting in more pronounced peaks at around 0.04 hz as shown in Figure 4 . Average difference between the pain threshold and tolerance of all subjects was 4.2 (±2.5)°C (temperature ranged from 37.2°C to 51°C; see Figure S2 ).
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Quantification of blood flow response to painful heat creating the heat variation and inter-pulse intervals. This resulted in pronounced peaks in the stimulus power spectrum at 0.025 and 0.04 Hz (bold red line in Figure 4 ). About one minute prior to the beginning of the randomized pain task, the subject was instructed to sit still, stay awake, and not to interact with the study operator. This task was preceded and followed by a 5-minute rest period.
Signal pre-processing for smoothing and normalization
Recorded signals were processed and analyzed using customized scripts programmed using MATLAB (The Mathworks). All recorded signals were downsampled to 2 Hz using the "Resample" function in MATLAB to avoid using overly sampled time series while preventing signal aliasing. Then, the frequencies outside of 0.003-0.1 Hz were filtered out of the blood flow signal using a zero-phase finite impulse response low-pass filter followed by moving average removal method (300-second Hanning window) in order to smooth the signal and remove the cardiorespiratory signal, sharp spikes due to abrupt motion, and other physiological trends (eg, slow signal drifts and baseline changes due to anxiety and other factors). 5 Further processing may be done to the blood flow signal, so that the VR can be compared between subjects (not shown in this work). For example, the blood flow signal can be normalized to the immediate 5-minute resting period before the pain task (ie, Task-B in Figure 2 Computing response indices of correlation, time lag, vasoreactivity, and significance Task-response correlation coefficient (R) and time lag (tr)
We computed the cross-correlation between the randomized pain pulses and the pre-processed blood flow signal using Spearman's rank-based correlation method. 11, 12 The pain pattern included the 30-second local baseline periods before the first pain pulse and after the last pain pulse (see the top of Figure 3 ). The inclusion of the pre-and post-pain period helped in detecting the responses more accurately at the onset and offset of the whole pain task. The cross-correlation provided the correlation between the pain window and a sliding window of the same number of samples containing the blood flow response. This nonparametric correlation does not assume that blood flow would change linearly with increasing temperature. It is also not overly sensitive to abrupt signal changes due to artifacts and helps minimize the unwanted effects from other noise sources that our band-pass filter could not remove. 13 The algorithm searched for the values of the correlation coefficient (R) and lagged time (Tr) that corresponded to the most negative correlation between the pain block and the blood flow within a 30-second response window after onset of the pain task. We focused on the negative correlation because previous findings and our initial observations suggested more robust vasoconstriction responses as the pain temperature increases.
14 A simplified illustration of the cross-correlation is shown in Figure 5 . Note that the sign of the heat pulse has been inverted to facilitate comparison of the stimulus and response waveforms in the figure. The arrow indicates the time lag, which is the time it takes to reach the most negative correlation from the stimulus onset within the 30-second window ( Figure 5 middle panel, bold red) .
Magnitude of vasoreactivity (VR)
We also estimated the VR by fitting a regression line between the pain pulses and the blood flow change (y=VRx+B, where x represents the time series of pain stimulus, y is the blood flow response, and B is the intercept of the regression line). An example of the regressed line is shown in Figure 5B , and the slope of the line represents the VR of the peripheral microvasculature due to pain. As a result, VR represents the change in microvascular blood flow per unit change in temperature ([∆ microvascular blood flow] ⁄ [∆ temperature]), which is a measure of the sensitivity of the vasoconstriction response to change in temperature. The intercepts (B) were not considered in this paper because the bandpass filter removed the mean and slow changes of the response signal (y); therefore, the true intercept of the response was not retained in our analysis. 
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Quantification
The correlation coefficient (R) quantifies the direction and the strength of association between the pattern of pain stimuli and the blood flow response. However, it is possible that spurious correlation could arise from naturally occurring fluctuations in blood flow that coincided with the fluctuations in the pain stimuli. To statistically distinguish the pain-induced response from spontaneous fluctuations, we used the bootstrap-based hypothesis testing as illustrated in Figure 6 . In detail, we constructed the null distribution by cross-correlating the pain signal with all possible sections of the baseline period (and extended baseline period as defined in Figure 2 ) and found the strongest correlation within the 30-second lag window as described in the previous section ( Figure 5 ). We collected their correlation coefficients to construct the null distribution. Then, we computed the percentile of the pain task correlation (R) among the null distribution and converted it to the P-value (Pr) of a range from 0 to 1. For example, case one in Figure 6 resulted in a more significant P-value than that from case 2, because case one showed more synchronized vasoconstriction response during the pain task compared to the baseline. In contrast, the pain response in case two was not significant because the spontaneous fluctuations during the baseline contained the patterns similar to the stimulus, and hence the cross-correlation at the time of stimulation would not be different than baseline. Examples of computed R and Pr values from the cross-correlation and statistical test are shown in Figure 7 . Finally, Pr, Tr, and VR values were used as response indices that can represent an individual's pain response.
Results
Pain-blood flow correlation and response time confirm vasoconstriction response
We observed similar LDF measurements obtained from the left (contralateral to painful heat) and right (ipsilateral to painful heat) index fingers, which indicated a central origin that influenced the blood flow, rather than local (Figure 2 ). Average power spectrum of the stimulus (red) and perfusion response (blue) showed pronounced peaks at 0.025 and 0.04 Hz, as shown in Figure 4 . As expected, there was no spectral peak in this range during the baseline observation (green). Using the statistical test described in the previous section, we identified 16 out of 24 subjects in this test dataset who showed statistically significant vasoconstriction responses to heat pain (Pr<0.05, average response time [Tr]=6.7 seconds). Among seven out of eight nonresponders who also had the LDF measurements from the ipsilateral side of the pain (Pr≥0.05), five subjects showed insignificant blood flow responses in the ipsilateral side as well; this group includes two subjects who showed consistently unrealistic response delays (Subjects A, B, D, F, and H in Table 1 ). The rest of the nonresponders (E and G in Table 1 ) did not show the same level of significance in their ipsilateral side and the contralateral side blood flow responses, which may be due to spatial variation in LDF measurements (R<0.4) that our method could not account for. Similar inconsistency in the Pr values between contralateral flow and ipsilateral flow was observed in 3 out of the 16 responders. two hypothetical cases of standardization to a subject's own baseline using a bootstrap test. Notes: Note that there were no stimuli applied during the baseline recording period, but we used all possible starting points during the baseline period to compute a correlation with the pain pulse. Computed correlation coefficients are collected and a null-response distribution was constructed. Case 1 and case 2 resulted in different response index (bootstrap P-value, or Pr) after the test, but originally had the same task-response correlation coefficient (R).
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Representative test results are illustrated in Figure 7 , showing an example of (A) strong and (B) weak correlations against their own baseline null responses. For the visual purpose, the heat pulse train in Figure 7 was inverted and normalized to a scale of 0-1 and was superimposed on the blood flow. You can see the response coincides with the stimulus in the subject with the significant Pr values. The association of stimulus to response is unclear in the subject (B) where the Pr value is not significant. The graphs at the bottom of Figure 7 show the relation of R, Pr, Tr, and VR for two different pain tasks within the same subject. Each of the R, Pr, Tr, and VR indices shows strong correlation between two different pain challenges in the same subject, which suggests that these derived parameters represent a biological characteristic of the subject. Examples of subjects who showed significant (or insignificant) responses in both Task-B and Task-A are shown in Figure S1 .
Discussion
We have introduced a new method based on cross-correlation analysis for objectively quantifying the microvascular blood flow response to painful heat pulses. Using a stimulation pattern of randomly spaced and sized thermal pulses, we were able to determine the microvascular responses with high temporal resolution. The estimated correlation between the stimulus and response was statistically tested against each subject's own spontaneous fluctuations at the baseline where there was no stimulation. Finally, our method estimated a set of response indices (of the response correlation, response time, vasoreactivity, and response significance) that can be used for characterizing the ANS-mediated microvascular blood flow responses to various pain stimuli and may be useful for understanding conditions such as altered pain perception and ANS dysfunction in disease processes. While we have used the heat pulses to induce pain and measured peripheral microvascular blood flow as the response to the pain stimulation, our technique can be generalized for analyzing other signal modalities, such as the measurements in finger photoplethysmogram (PPG; see Supplementary materials), electrocardiogram, and functional brain imaging.
The quantitative sensory testing (QST) technique finds sensory thresholds to various types of pain stimulation but 
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Quantification of blood flow response to painful heat relies on subjective reporting that depends on the subject's ability to verbalize the pain intensity. 15 While central nervous system influences can modulate microvascular blood flow and contribute to variability, the ability to directly measure the blood flow in response to pain provides an objectively quantifiable endpoint that is physiologically relevant to vaso-occlusion in sickle cell patients. Signal averaging of repetitions of responses to the same magnitude and duration of pulses can also be used to detect responses in noisy signals. 10 This technique helps increase the signal-to-noise ratio and identify more reliable shape of the pain response in time; however, the practical need to employ short study duration limits the variety of stimulus patterns that can be applied and consequently the breadth of responses that can be detected. 16 There are also coherence-based techniques that quantify and compare the phases and/or amplitudes of the frequency components in the stimulus and response. 17 However, interpreting results in frequency domain is not as intuitive as comparing the stimulus and response signals in time domain. There are previous reports that quantified mathematical features such as response amplitude, stationarity, entropy, linearity, and variability changes against the baseline activity. 9, 18 Yet, these methods still require multiple repetitions of the stimulus to obtain statistical significance of the quantified response.
We have identified the responders and nonresponders to pain by using the response significance (Pr) as an index. Assuming the pain response was from a central origin, we anticipated that our Pr indices obtained from both the contralateral and ipsilateral sides of the pain would agree to each other, and this would further validate our method. Yet, there were few subjects who showed inconsistency as shown in Table 1 . Nonetheless, about 80% of the subjects showed consistent responses between two simultaneously sampled regions of the body quantified using our method, and we also found similar consistency when comparing the results obtained from two different tasks (ie, Task-A and Task-B; see Figure S1 ). Moreover, we analyzed the responses of PPG amplitude and confirmed that the methods described here work equally well and yield similar results, showing that the central origin was an important factor, and that the proposed method could also be applied to the PPG signal (see Table S1 ).
Our correlation-based approach required a longer baseline period than the test stimulus pattern itself. For example, our pain task duration was 7 minutes, and cross-correlating that pattern with 7 minutes of the baseline recording only gave one R-value. In order to have a reasonable P-value resolution, for example, 0.025, one would need 40 R-values as null samples. However, it is not realistic to record 40 unique and independent snippets of 7-minute responses in one study (that is, ~5 hours of baseline recording itself). To overcome this limitation, we assumed we were obtaining another cycle of unique oscillatory response in every 10 seconds of blood flow. 3, 19 Based on this effective unit of time, we would need another 40×10 seconds=400 seconds=~7 minutes of baseline data in addition to the length of the task stimulation to obtain bootstrap P-value with reasonable robustness and resolution. For this reason, we constructed the null distribution by combining the 5-minute silent baseline recording and 10-15 minutes of the extended baseline recording periods (Figure 2 ). This resulted in an average of 1,208±492 samples 
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Sunwoo et al in 2 Hz or about 60±25 effective samples (P-value resolution of ~0.017) in the null distribution for each subject.
The inter-pulse periods of 10~30 seconds can be a concern as the finger blood flow may not have recovered to its original baseline flow before the next pain stimuli and can create a stacking effect on the subsequent blood flow responses to pain. Thus, the inter-pulse timing must be optimized based on the particular stimulus and response being studied. Our quantification method is still robust if the stacking effect is small. Previously, we have shown that the peripheral vasoconstriction responses to heat pain occurred rapidly and were detectable using the pulses described here. 3 Finally, although regular tidal breathing exerts only a small influence on microvascular blood flow, excessively irregular breathing patterns can significantly confound the effects of thermal pain on peripheral blood flow. We previously found that sighs can provoke significant transient episodes of peripheral vasoconstriction via a sympathetically mediated reflex. 4 This confounding influence is only problematic when it occurs at the time of the pain stimulus because the sighvasoconstriction response can eclipse the true pain response. One solution is to apply adaptive filtering techniques to filter out the respiration and to determine the partial correlation after controlling for the respiration with a certain delay. 20 Nevertheless, we applied several randomized pain pulses in one pain task to reduce the chance of the confounding events. The fact that we observed strong similarity in response indices from the similar pain pulse sequences (Task-A and Task-B) in the same subject suggests that the interference from the respiration did not significantly affect the analysis.
Conclusion
We have introduced a novel method for objective quantification of the regional microvascular blood flow response to painful heat pulses. Unlike previous studies, we designed a painful pulse train that created many short-term heat sensations in randomized magnitude and periods. We computed the response correlation, response time, and vasoreactivity between the pain pulse train and the blood flow change using laser Doppler flowmetry, and obtained the P-value of the response using a bootstrapping method. These computed values serve as indices of pain response, and we believe our pain indices can provide additional information compared with other conventional pain response tests and questionnaires. While we have used heat to induce pain and blood flow responses, our technique can be adapted to different modalities of stimulus and response measurements for extracting other psychological determinants of diseases related to pain or vascular reactivity. 21 Thus, the amount of change of the light intensity due to the body tissue is proportional to the vasodilation or vasoconstriction of the vasculature in the tissue. When applied on a finger, the PPG device measures the changes in the blood volume across the whole fingertip, while laser Doppler flowmetry (LDF) only measures from the small region of subcutaneous skin. The pulsatile part of the PPG signal reflects the changes in the blood vessel diameter from one heartbeat to another, and the height of this PPG pulses is usually correlated with vasodilation or vasoconstriction.
2,21
ldF-vs PPg-based response indices
The height of the PPG pulses was extracted (photoplethysmograph amplitude [PPGamp]), followed by the same preprocessing steps for the LDF signal. 2, 3, 21 We observed that the LDF and PPGamp signals were usually correlated well (not shown). We also computed R, Tr, and Pr indices to pain, using the PPGamp signal, which showed no statistical differences compared with the indices obtained using the LDF (Table S1 ). This suggested the PPGamp as an alternative measurement of the peripheral vascular response to pain, as well as that the LDF is capable of detecting microvascular blood flow changes elicited by pain.
Subjective pain-reporting temperatures
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Quantification of blood flow response to painful heat Pair t-test P < 0.001 Figure S2 heat temperature and range of reported pain threshold and pain tolerance.
